improvement in high school teacher quality raises student scores by between 0.10σ and 0.4σ. 2 In many nations elementary-school students are exposed to a single teacher in a given year and follow the same course of study, while secondary-school students are exposed to several teachers, take different courses, and placed into different tracks. This difference may render methodologies appropriate for measuring elementary-school teacher quality inappropriate for other grades for two reasons. First, there may be unobserved differences between students taking the same course with similar incoming test scores but who are in in different tracks (group of courses). For example, taking a greater number of honors courses (among all the courses taken) may be associated with greater motivation even among students with the same past performance and who take the same math or English course. With such selection to tracks, if different teachers of the same course teach students from different tracks, there may be bias due to selection to tracks that will not be accounted for with controls for past performance or the covariates used in standard value-added models. Second, distinct from selection bias, there is a possible omitted variables bias.
Specifically, in most high-school settings, even with random assignment of students to teachers, if different teachers teach in different tracks (group of courses), and students in different tracks are exposed to different treatments, there will be bias due to "track treatment effects." These "track treatment effects" may arise due to other teachers (e.g. students taking Algebra I with Mr. Smith take physics with Mr. Black who affects algebra scores directly), the content of other courses (e.g. students taking Algebra I with Mr. Smith also take physics which affects algebra scores directly), or track-specific treatments (e.g. college-bound students take Algebra I with Mr. Smith and are also part of a program that teaches study skills that affect algebra scores directly). Existing studies have not addressed the omitted variables bias associated with track-specific treatments or the specific forms of selection that may occur at the high-school level. 3 As such, it remains unclear to what extent high-school teachers affect test scores, and whether test-score measures of teacher quality are a useful policy tool at the high-school level.
I aim to (a) demonstrate that the statistical methods used to identify teacher test-score effects in elementary school may be inappropriate for identifying teacher test-score effects at the middle-or high-school level, (b) use data on high-school algebra and English teachers in North 2 Clotfelter, Ladd, and Vigdor (2010) find that teacher characteristics are associated with test score differences. 3 Two recent working papers, Harris and Anderson (2013) , and Protik, et al. (2013) find that failing to account for course tracks leads to sizable biases in the individual value-added estimates for middle-and high-school teachers.
Carolina to present evidence on the existence of track-specific effects, (c) employ a strategy to estimate the effects of algebra and English teachers on test scores in 9 th grade that exploits detailed course-taking information to remove both selection bias across tracks and omitted variables bias due to track-specific treatments, and (d) document the extent to which historically-estimated value added predicts teacher effectiveness at improving test scores in a high-school setting, and compare these results to those found for elementary-school teachers.
To address the biases associated with tracks, I estimate a standard value-added model with the addition of indicator variables for each academic track (the unique combination of school, set courses taken, level of courses taken). In such models, comparisons are made among students who are both at the same school and in the same academic track. Comparing the outcomes of students with different teachers at the same school taking the same algebra or English course and in the same track removes both the influence of any school-by-track level treatments that could confound comparisons of teachers, and bias due to sorting or selection to schools, tracks, and courses.
Variation comes from comparing the outcomes of students in the same track and school but are exposed to different teachers either due to (a) changes in the teachers for a particular course and track over time, or (b) schools having multiple teachers for the same course and track in the same year. The remaining concern is that comparisons among students within the same track may still be susceptible to selection bias. I argue that most plausible stories of student selection involve selection to tracks rather than to teachers within tracks, and I present several empirical tests that suggest little bias due to student selection. This paper also makes two methodological contributions to the broader teacher-quality literature. The first contribution is to show that in most datasets where individual teachers are not observed in several classrooms (i.e. more than 20) , the commonly used F-test will yield very small p-values even when there are no real teacher effects. Motivated by Kane and Staiger (2008) , I present an unbiased test for the existence of teacher effects that does not require a large number of classroom observations for each teacher, but only requires observing a large number of teachers in multiple classrooms (a condition satisfied in most datasets). The second methodological contribution is to present an approach to estimating the variance of the variance of teacher quality effects. Under certain conditions, the covariance across classroom effects for the same teacher is a consistent estimate of the variance of true teacher quality. Because a covariance is a sample statistic, one can obtain confidence intervals for the variance of true teacher quality. While existing studies present estimates of the variance of teacher quality effects, they do not present confidence intervals for these estimates so that this approach may be a useful contribution.
I document that traditional value-added models yield a strong positive association between teacher experience and student outcomes (similar to existing studies). However, in models that compare teachers within the same track, there is a substantively weaker association between test scores and teacher experience in both subjects. Consistent with this, after accounting for track effects, the plausible range of estimated standard deviations of algebra and English teacher effects are smaller than estimates from other studies. Specifically, the 95% confidence intervals for the standard deviation of teacher effects is (0.0514σ ; 0.081σ) and (0 ; 0.0312σ) for algebra and English, respectively. Looking to usefulness for policy, I find that the ability to predict future performance based on historical performance at improving test scores is much smaller than at the elementary level. Jackson and Bruegmann (2009) find that a good elementary-school teacher (85 percentile) based on previous performance raises current scores by 0.17σ and 0.08σ more than an average teacher in math and English, respectively. In stark contrast, a good 9 th grade teacher (85 percentile) based on previous performance raises current scores by only about 0.027σ and 0.018σ standard deviations more than an average teacher in algebra and English, respectively. The results suggest that (a) the properties of high-and elementary-school teacher value added are meaningfully different, (b) teachers may be less influential in high school than in elementary school, and (c) using test scores to identify effective teachers may have limited practical benefits at the high-school level. Note that that this study focuses on policy-relevant persistent teacher effects that can be reasonably attributed to teachers (rather than transitory variability that may reflect random shocks). Also, this study speaks only to teacher effects on student skills captured by standardized tests. 4 The remainder of the paper is as follows: Section II describes the data, Section III details the econometric framework, Section IV lays out the identification strategy, Section V presents the main results, robustness checks, and specification checks, and Section VI concludes.
II Data
This paper uses data on all public middle-and high-school students in North Carolina from demographic data, middle-school achievement data, end of course data (high-school), and codes allowing one to link students' end of course test-score data to individual teachers. 5 Because English I and Algebra I are the two tests that have been the most consistently administered over time, I
limit the analysis to students who took either the Algebra I course or the English I course. Over 90 percent of all ninth graders take at least one of these courses so that the resulting sample is representative of ninth graders as a whole. To avoid endogeneity bias that would result from teachers having an effect on repeating ninth grade, the master data uses the first observation for when a student is in ninth grade. Summary statistics are presented in Table 1 .
These data cover 348,547 ninth grade students in 619 secondary schools in classes with The data link students to the teacher who administered the test. In most cases this is the student's own teacher but this is not always the case. I link classrooms in the testing files to classrooms in personnel files (with valid teacher identifiers). Classes that match across files on school, subject, year, class size, demographic composition, and teacher identifier, are considered perfect matches. See Appendix B for details on the matching procedure. The matched sample corresponds to 57 percent of all Algebra student observations and 69 percent of all English student observations. The demographic characteristics of students in matched classroom are very similar to those in unmatched classrooms. However, unmatched classrooms appear to have somewhat higher incoming student test scores than the full sample. All results are similar when using cases when the matching is exact. 6 Incoming 8th grade test scores in the final 9th grade sample are approximately 8 percent of a standard deviation higher than that of the average in 8th grade. This is because the sample of 9th grade students is less likely to have repeated a grade and to have dropped out of the schooling system. academic courses (listed in Table 2 ) that make up over half of all courses taken. Because Algebra I and English I are taught at multiple levels (advanced, regular, and basic), students in the "highability" track take these courses at the advanced level, while those in the "lower ability" tracks will take these courses at the basic level. Because the advanced class might emphasize different material from the regular class, even with random assignment of students to classes, basic comparisons of outcomes across teachers will confound level-of-instruction effects with teacher quality. I can avoid this bias because the rich data contain information on the level of instruction.
I take as my measure of a school-track, the unique combination of the 10 largest academic courses, the 3 levels of Algebra I, the 3 levels of English I, and the 629 high-schools. As such, all students who take the same set of the 10 largest courses in 9th grade, the same level of English I, the same level of Algebra I, and attend the same school, are in the same school-track. 7 Students who take the same 10 most commonly taken courses at different schools are in different schooltracks. Students at the same school who take either a different number of the 10 courses, or at least one different course (among the 10 courses) are in different school-tracks. In addition, students at the same school who take the same courses (among the 10 courses) but took either Algebra I, or English I, at different levels are in different school-tracks. Because many students take courses in groups (Frank, et al. 2008 ), only 3.7 percent of students are in singleton tracks, most are in schooltracks with more than 50 students, and the average school-track contains 117 students. There are 14,793 school-tracks with more than one student across the 629 high-schools. I present the standard deviations of the variables within-schools, and within-tracks-within-schools in Table 1 .
Comparing the standard deviations within schools to those within school-tracks provides evidence of sorting into tracks. If there were no sorting to tracks within schools, these two estimated standard deviations would be similar. For all student characteristics there is greater variation within schools than there is within school-tracks. For example, the standard deviation of 8th grade math scores within schools is 0.878 while it is only 0.600 within school-tracks (a 33% reduction in the variance). Consistent with these tracks capturing important differences between 7 Note that this measure of tracks is stable over time and is likely not endogenous to teacher quality. This would be the case if students often switched tracks during the year in response to teacher quality. The data show that such switching half way through the year is relatively rare. First about two-thirds of students are at schools that teach Algebra I and English I over one semester meeting twice as often rather than over two semesters. At the schools that do teach Algebra and English over the course of a year, 2.8 and 4.6 percent of students switch the level of Algebra I and English I taken between the fall and the spring, respectively. Accordingly, track switching appears to be a relative rare occurrence and should not bias the results in any appreciable way.
college-bound, remedial, and average students, the standard deviation of the number of honors courses taken is 1.163 within schools while it is only 0.575 within school-tracks (a 50% reduction in the variance). In sum, the figures indicate that students are placed into tracks within schools in a manner that decreases dispersion in student characteristics within tracks and groups students by ability.
III Econometric Framework:
To motivate the empirical strategy, I lay out a value-added model that includes track-level treatments and transitory within-teacher classroom disturbances. I model the test-score outcomes
Yijcgy of student i in class c with teacher j in school-track g in year y with [1] below.
[1] Yijcgy = Aiy-1δ+ Xiyβ + Iij•θj +π (P|g) + μjc + εijcgy.
Here, Aiy-1 is incoming achievement level of student i, Xiy is a matrix of student-level covariates,
Iij is an indicator variable equal to 1 if student i has teacher j and equal to 0 otherwise, θj is a teacher fixed effect, (P|g) is a treatment specific to students in school-track g, μjc is a random withinteacher classroom-level error such that E[μjc |J]=0, and εijcgy is a random mean zero error term.
When track-level treatments are unobserved and one does not account for classroom errors, the OLS estimate of teacher effect ˆj  is given by [2] .
[2]
In [2] , wjg is the proportion of students who are in class with teacher j that are also in track g, Ng is the number of students in track g, Nj is the number of students with teacher j, and Tj is the number of classrooms observed for teacher j. I discuss the components of this equation below.
Potential Bias in Estimated Teacher Effects:
Equation [2] highlights that there are four distinct potential sources of bias in estimated teacher effects. The first source is
, which is a weighted average of the student mean error term in each track (where the weight on track g for teacher j is the proportion of students with teacher j that are in track g). This term is due to students selecting to tracks (and therefore teachers) based on unobserved characteristics that also affect test scores. For example, if highly motivated students select into the honors track, and Mr. Jones teaches students in the honors track, then students in Mr. Jones' class will on average be more motivated than students in other teachers' classes. This bias due to student selection has been discussed in Rothstein (2009) 
which is the average track de-meaned student-level error for teacher j, and represents sampling variability. If each teacher is observed with more than 30 students (as is often the case), this term will be small and will result in minimal bias. A third potential source of bias is the term
, which is the mean of the transitory classroom-level disturbances for a given teacher (assuming equally-sized classrooms). This source of bias, discussed in Kane and Staiger (2008) , is due to transitory shocks that may be correlated with individual teachers in finite samples. For example, a teacher who teaches a class that had a flu outbreak will have lower performance than expected and, based on only one class, will appear to be less effective than her true ability. While this term should be near zero if teachers are observed in many classrooms, this bias term will be non-trivial and non-zero in short panels (small number of classes per teacher). In elementary school, most teachers teach one class per year so that one would need panels with close to thirty years of data per teacher for this term to be negligible. In high school, most teachers teach between one and three classes per year so that one would need at least 10 years of data for each teacher for this term to be negligible. Most existing datasets do not provide such long panels.
The potential source of bias that has not been addressed by the existing literature is the
. This is a weighted average of the unobserved treatments (e.g. extra tutoring/mentoring or time management classes) in each track (where the weight on track g for teacher j is the proportion of students with teacher j that are in track g). This bias is due to certain teachers being systematically associated with track-level treatments that directly influence test scores. For example, if Mr. Jones teaches algebra to students in the honors track, and other honors classes teach students study skills that directly affect their algebra outcomes, one might erroneously attribute the benefits from the additional study-skills training in the honors track to
Mr. Jones. This is a form of omitted variables bias that will exist even if students are randomly assigned to teachers so long as individual teachers are correlated with certain track-specific treatments. Section V shows that this is the case in North Carolina high schools.
The main objective of this study is to estimate the variability of persistent teacher quality.
As explained above, the variance of the estimated teacher effects from [2] may overstate the variance of true persistent teacher quality because (a) this confounds teacher effects with tracklevel selection and treatments, and (b) teacher effects are estimated with error due to sampling variation and transitory classroom-level disturbances. I propose strategies to address this in Section IV.
IV Empirical Strategy

IV.1 Estimating the Variance of Persistent Teacher Quality
Removing bias due to track level treatments and selection
One can remove the influence of track-level treatments and selection to tracks by making comparison within groups of students in the same track at the same school. In a regression context, this is achieved by including Igi, an indicator variable equal to 1 if student i is in school-track g and 0 otherwise. This leads to [3] below.
[3] Yijcgy = Aiy-1δ+ Xiyβ + Ijy•θj + Igi θg + μjc + εijcgy.
By conditioning on school-tracks, one can obtain consistent estimates of the teacher effects θj as long as there is no selection to teachers within a school-track. 8 Because the main models include school-track effects, teacher effects are identified by comparing outcomes of students at the same school in the same track but who have different teachers. There are two sources of identifying variation: (1) comparisons of teachers at the same school teaching students in the same track at different points in time; and (2) comparisons of teachers at the same school teaching students in the same track at the same time. To illustrate these sources of variation, consider the simple case illustrated in Table 3 . There are two tracks A and B in a single school. There are two math teachers at the school at all times.
The first source of variation is due to changes in the identities of Algebra I and English I teachers over time due to staffing changes within schools over time. 2005 for teacher 1 (who is in the school in both years) as a basis for comparison. As long as teacher 1 does not become more effective by diverting resources away from other teachers toward her own students, this difference will reflect school-wide changes in outcomes that will have the same effect on all teachers. In a regression setting this is accomplished with the inclusion of school-by-year fixed effects. This source of variation is valid as long as students do not select across cohorts (e.g. stay back a grade or skip a grade) or schools in response to changes in Algebra I and English I teachers. I test for this explicitly in Section V and find no evidence of selection to cohorts.
The second source of variation comes from having multiple teachers teaching the same course in the same school-track at the same time. In the example above, because both teachers 1 and 2 teach students in track B in 2000, one can estimate the effect of teacher 1 relative to teacher 2 by comparing the outcomes of teachers 1 and 2 among those students in track B in 2000. This source of variation is robust to student selection to tracks and is valid if students do not select to teachers within tracks. I test for this in Section V and find no evidence of selection to teachers within tracks.
To provide a sense of how much variation there is within tracks during the same year versus how much variation there is within tracks across years, I computed the number of teachers in each non singleton school-track-year-cell for both Algebra I and English I (Appendix Table A1 ). About 63 and 51 percent of all school-track-year cells include only one teacher in English and algebra, respectively. This implies that for more than half the data, the variation will be based on comparing single teachers across time within the same school track. However, 38 and 49 percent of schooltrack-year cells have more than one teacher for English and Algebra respectively, so that more than one-third of the variation is within tracks-year cells. In section V, I show that the results are robust to using each distinct source of variation separately.
Removing bias due to within-teacher classroom-level shocks and sampling variability
While the variance of the estimated teacher effects from [3] will no longer be biased due to track-level treatments, it will still overstate the variance of true teacher quality because of sampling variation and transitory shocks. I present two separate approaches to address this issue.
Results using both approaches are very similar.
If any teacher-level variation in test scores not explained by classroom shocks or sampling variability is due to teacher quality, and classroom shocks or sampling variability are unrelated to true teacher quality, one can compute the variance of the raw teacher effects and subtract the estimated variance of the transitory classroom-level shocks (Kane and Staiger 2008). 9 I estimate the combined variance of the classroom shocks and sampling variation with the variance of mean classroom-level residuals within teachers (i.e. the within-teacher variability in average test scores over time). I then divide this by the number of observed classrooms for each teacher to obtain an estimate of the variability in the raw teacher effects that can be attributed to transitory variability.
Because this approach attributes any variability not explicitly accounted for by classroom effects or sampling variability to teachers, it may overstate the true variance of persistent teacher quality.
This motivates the second approach outlined below.
In the second approach to estimating the variance of teacher quality I follow Kane and Staiger (2008) . I estimate [3] without teacher indicator variables, and take the covariance across mean classroom-level residuals for the same teacher as my estimate of the variance of the persistent component of teacher quality (i.e. that observed across classrooms). This is achieved in two steps:
Step 1: Estimate equation [4] below. To account for school-level time effects (such as the hiring of a new school principal) that would affect all students in the school, I also include school-by-year fixed effects θsy. The error term includes the teacher effect and the classroom effect so that ε*ijcgy =θj + μjc+ εijcgy.
Step 2: Link every classroom-level mean residual * jc e , pair it with a random different 9 Formally, if all the terms in [2] are uncorrelated, then after removing variation due to tracks (i.e terms A and D) we have that Because these procedures remove a track-specific mean in the first stage, they may remove some signal about teacher quality. This problem is most severe when there are a small number of teachers in a track (in the extreme, there is no remaining signal for the sole teacher in a track).
Appendix B shows that removal of a track specific mean may lead one to understate the variance of teacher quality by a factor of (1-1/R) where R is the number of teachers in a track. As such, if all tracks have only 2 teachers the raw estimated variance after removing track effects will be roughly 0.5 of the actual variance. Similarly, if all tracks have 10 teachers the estimated variance after removing track effects will be roughly 0.9 of the actual variance. Table A2 shows the proportion of the students that have a given number of teachers in the track and the associated degree of freedom adjustment (i.e. 1/(1-1/R)). Taking the average over all the data, the implied degree of freedom adjustment is 1.239 for algebra and 1.244 for English. Accordingly, to avoid erroneously attributing a mechanical reduction in variance to track effects, in models that remove school-track effects I inflate the estimated variance by 1.239 for algebra and 1.244 for English.
IV.2 Statistical Inference for Teacher Effects
Testing for the existence of Teacher Effects
While estimating the variance of teacher effects in a particular sample is important, being able to determine whether such estimates are statistically significant (or occurred by random chance) is equally important. This section illustrates that commonly used tests for the existence of teacher effects suffer from a severe finite sample bias in most existing datasets that do not contain 10 Note: If the variance across teachers is large relative to the within-teacher variability in outcomes, this statistic will be large and it would imply that there is something occurring at the teacher level that explains variability in outcomes (i.e. that teacher effects are not all equal).
To illustrate how the existence of transitory classroom shocks affects the F-test, let us abstract away from selection bias, track treatments, and sampling variability. In this case [2] simplifies to
. Now the test of equality of teacher-level mean outcomes is really a test of equality of the teacher effects plus the means of the transitory classroom shocks for each teacher. This test is asymptotically equivalent to testing the equality of teacher effects only when each teacher is observed in several classrooms so that
However, if teachers are observed in a handful of classrooms, one cannot ignore the influence of transitory classroom shocks. In the extreme (but not uncommon) case where each teacher is observed in only one classroom, it is impossible to distinguish between a good (bad) teacher and teacher who happened to have a good (bad) classroom shock. As such, with unaccounted-for classroom shocks, the F-test will tend to over-reject the null hypothesis even when it is true.
To get a sense of the behavior of the commonly used F-test I implemented the following procedure. Using the actual data I (1) drew a random error for each actual classroom from a mean zero normal distribution, (2) drew a random student-level error for each actual student from a standard normal distribution, (3) created a simulated outcome for each student that is the sum of these two errors, and (4) tested for the existence of teacher effects using the F-test (note there are no teacher effects in the simulated outcome). I repeated this procedure 500 times each for 11 The F-statistic is
, where  is a J×1 vector of estimated fixed effects,  is the mean of the ˆj  s, and ˆJ V is the J×J variance-covariance matrix for the teacher effects.
classroom shocks of different variability. Figure 1 shows As such, existing studies that rely on the Ftest likely overstate the degree to which we can be sure that teacher effects exist.
An unbiased test for the existence of teacher effects:
To address the problems above, I propose a new test based on the idea that if teacher effects exist, the residuals for a teacher in one classroom should be correlated with her residuals from another classroom. One can test this by running a regression of a teacher's mean residuals in classroom jc on her mean residuals in classroom jc' and then implementing a simple t-test on the coefficient on classroom jc' residuals (for the same teacher). I do this using a single draw of a random pairing of each classroom with another classroom for the same teacher. As long as classroom disturbances are uncorrelated, this test will be an unbiased test for the existence of persistent teacher quality effects. This test does not suffer from the finite sample problem of testing for equality of all the individual teacher effects because it only requires that one parameter be identified (i.e. the correlation between residuals for classroom jc and jc') for all teachers on average rather than one parameter for each teacher. Because the t-test is a finite sample test, this new test will yield valid statistical inference on samples with any number of teachers as long as at least two teachers are observed in more than one classroom. This is satisfied in most existing datasets.
To illustrate the unbiasedness of this proposed test, I show the covariance test's 12 Because the F-test requires that the each estimated coefficient be normally distributed, and asymptotic normality cannot be invoked with a small number of independent observations, the F-test will not be reliable in short panels.
performance on the same simulated data where the F-test was problematic. Figure 2 shows the distribution of the p-values associated with the covariance tests across the 500 replications for classroom disturbances of different variability. If the test is unbiased, the p-values should follow a uniform distribution centered around 0.5. As one can see, irrespective of the size of the classroom errors, the p-values follow a uniform distribution, so that this test is robust to idiosyncratic classroom disturbances and will be an unbiased test for the existence of teacher quality effects. I will use this test.
Deriving confidence bounds for the variance of teacher quality effects
Because existing studies do not present confidence intervals for estimates of the variance of teacher effects, one cannot meaningfully compare estimates across studies or know what range of effect sizes is consistent with the data. Given the increasing use of estimates from studies to inform policy, it is important to be able to report the degree of uncertainty around these estimates.
Addressing this need in the literature, I propose a way to estimate confidence bounds around estimated variances of teacher effects. Because the variance of the teacher effects can be estimated by a sample covariance, one can compute confidence intervals for the variance of the persistent teacher effects as long as one knows the properties of the sampling distribution. I use the empirical distribution of 500 randomly drawn and computed "placebo" covariances (i.e. sample covariance across randomly drawn classrooms for different teachers) to form an estimate of the standard deviation of the sampling variability of the covariance across classrooms for the same teacher. I use this "bootstrapped" standard deviation of the covariance to form normal-distribution-based confidence intervals of the covariance (i.e. the true variance of teacher effects).
V Results
V.1 Evidence of sorting of teachers into tracks
The existing literature on teacher quality has emphasized the biases associated with student sorting to teacher or tracks. However, the literature has not addressed the potential biases associated with teachers sorting into tracks. As illustrated in Section III, even with no student sorting into tracks (and no differences in student ability across teachers), if teachers sort into tracks there could be substantial bias if certain tracks provide unobserved treatments that influence classroom outcomes directly. Because this type of sorting has not been previously documented, it is instructive to present evidence of teacher sorting into tracks before presenting the main results. (Table 4) show a strong association between the proportion in at least one honors class among other courses for a teacher in year t and year t-1. That is, within the same course (but not the same track), some teachers consistently teach students who take more/fewer honors classes than the average student than other teachers. This relationship holds across both subjects, and holds both across and within schools.
This relationship is problematic insofar as there is selection to honors classes, or honors classes provide skills that affect Algebra I or English I scores directly. In either scenario, taking any other honors class will predict the outcomes in a traditional value-added model. To test for this, I estimate models that predict Algebra I and English I scores as a function of school effects, year effects, 8 th and 7 th grade scores in both English and math, and an indicator denoting whether a student took any honors course other than the course in question. In such models, the coefficient on taking any other honors course is 0.12 in Algebra and 0.14 in English (both significant at the 1 percent level). While this honors student effect may be due to selection or track-specific treatments, the effects clearly indicate the importance of explicitly controlling for tracks.
V.2 Evidence of Bias based on Teacher Experience Effects
It is instructive to foreshadow the main results by illustrating how conditioning on school- students with a teacher with 10 years of experience score only 0.01σ higher than a rookie teacher.
The p-value associated with the null hypothesis that all the experience indicators are equal is 0.13-suggesting a weak association between teacher experience and English test scores within
tracks. Approximately 60 percent of the variation in teacher experience occurs within tracks for both subjects. Accordingly, a lack of variability in experience within tracks cannot explain the attenuated effects for English-indicating that accounting for tracks is important.
V.3 Main Results
I now analyze the effects of accounting for tracks on the estimated variability of teacher effects. In Table 5 I start out discussing the variance subtraction results for algebra teachers. The estimated variability of raw algebra teacher effects is similar across models that do not include school-track effects. For these three models the standard deviation of the raw teacher fixed effects is about 0.18σ (in student achievement units). These raw estimates are similar in magnitude to those in
Aaronson Barrow and Sander (2007) . In these models, the standard deviation of the mean residuals within teachers across classrooms is about 0.205σ ─ indicating that there is more variation in teacher performance across classrooms for the same teacher than there is across teachers. Because each teacher estimate is based on an average 3.6 classrooms, this implies that approximately 0.205/√3.6=0.109σ can be attributed to transitory variation (i.e. due to classroom shocks and sampling variability). After accounting for transitory variability, under the assumption that all the remaining variation reflects true teacher quality, the implied standard deviation of teacher effects is approximately 0.1367σ. In models that include school-track fixed effects the standard deviation of the raw teacher fixed effects falls to 0.1475σ and the adjusted standard deviation is 0.1069σ.
This change is significant because the estimated variance without track effects is 1.64 times as large as that with track effects included (the estimated standard deviation without track effects is 1.27 times as large as that with track effects included). This indicates that selection to tracks or track specific treatments are important sources of variability across classrooms that should not be attributed to teachers. In the preferred model with school-track fixed effects and school-by-year effects (model 5) the standard deviation of the raw teacher fixed effects falls to 0.1237σ and the adjusted standard deviation of the teacher effects falls by to 0.0775σ.
The covariance-based estimates for algebra teachers are similar to those obtained using variance subtraction method-indicating that the main results are robust to the methodology used.
The estimates indicate that the covariance of mean residuals across classrooms for the same teacher is 1.5 times larger without tracks that when track effects are accounted for-underscoring the importance of accounting for tracks. Models with school and year fixed effects and both student and peer covariates (model 3) yields a covariance across Algebra classrooms for the same teacher of 0.0148, yielding an estimated standard deviation of persistent teacher quality of 0.1215σ. This is similar to estimates from the variance subtraction method and is in-line with existing estimates in the literature. Adding additional controls for track effects (model 4) yields an estimated standard deviation of persistent teacher quality of 0.0998σ. The preferred model that includes track-school and school-year effects yields an estimated standard deviation of true teacher quality of 0.0677σ ─ similar to the estimates obtained using the variance subtraction approach. For all models one rejects the null hypothesis of zero covariance across classrooms for the same teacher at the 1 percent level. The 95% percent confidence interval for the preferred model ranges from 0.0514σ to 0.0809σ. That is, going from an average teacher to one at the 85th percentile of the quality distribution increases algebra test scores by between 0.0514σ and 0.0809σ. Note that this covariance-based confidence interval includes the variance subtraction estimate. This confidence interval is informative because the 95% upper-bound is lower than many of the point estimates of existing studies (and lower than point estimates that do not account for school-track effects). Now I discuss results for English teachers. In the variance subtraction model that only includes lagged test scores and school fixed effects (model 6), the standard deviation of the raw estimated teacher effects is 0.1025σ, and the adjusted estimate is 0.0713σ. In models with additional student controls (model 7), the standard deviation of the raw estimated teacher effects falls to 0.088σ and the adjusted estimate falls by 23 percent to 0.0579σ. Adding the characteristics of the peers in the classroom reduces the adjusted standard deviation slightly to 0.0514σ. Adding track-school effects, the adjusted standard deviation of teacher effects falls to 0.0405σ. This change is significant because it represents a 38 percent reduction in the estimated variance when track effects are included. In the preferred variance subtraction model (model 10) after adjusting these estimates for transitory variation and the degrees of freedom, the implied standard deviation of teacher effects falls by 24 percent to 0.0308σ. As expected, the biased F-tests reject the null hypothesis of no teacher effects at the 0.001 percent level. underscore the fact that excess variability that can be attributed to individual teachers is not necessarily indicative of persistent teacher quality differences. Given that much policy is predicated on the idea that a sizable amount of teacher quality is persistent over time, the fact that the 95% confidence interval lower bound is small for algebra (0.0514σ) and 0σ for English is important and policy relevant.
V.4 Alternate explanations for the reduction in teacher effect variability
Is this reduction in the variance of teacher effects due to removing single-classroom teachers?
Because the covariance estimates can only be estimated for teachers with multiple classrooms, it is possible that the covariance estimates yield a low variance because teachers with bad outcomes might leave the profession after teaching one class (and are not included in the covariance sample). To test for this, I created the variance subtraction estimates for only teachers with multiple classrooms to see if this was much smaller than the estimates that included all teachers. The estimated standard deviations are 5 percent smaller for Algebra and 7 percent smaller for English-suggesting that this does not drive the results. The fact that accounting for tracks reduced the variability of teacher effects in both the covariance and the variance subtraction methods indicates that the main results are not driven by any one individual estimation strategy.
Is this reduction in the variance of teacher effects due to over-controlling?
While it is clear that not controlling for track effects (and attributing all track-level variability to individual teachers) may lead one to overstate the variability of teacher effects, it is also possible that removing track effects (attributing none of the track level variability to individual teachers) may lead one to understate the variability of teacher effects. This problem is likely most severe when tracks are observed with a small number of teachers. That is, unless there is severe sorting of teachers to tracks, it is much more likely that a high track-level mean is due to the track rather than teachers when it is based on several teachers (whose average effect should be close to the unconditional mean of teacher quality) than if it were based on only a handful of teachers. 
By exploiting within-teacher variation in tracks, within-track variation in teachers, and modeling the finite-sample variability, the model apportions some of the track-level variability to the teacher and some to the track in the way that is most consistent with both the distributional assumptions and the data. Intuitively, if there is relatively little within-teacher variation in performance across tracks then most of the observed variation across tracks will be assigned to teachers (and vice versa if there is relatively little within-track variation in teacher quality). Also, the estimator accounts for finite-sample variability and apportions less (more) variability to track effects when track estimates are based on a smaller (greater) number of teachers.
14 When track, 13 This is estimated in two steps because computing power constraints preclude estimating a model with thousands of track effects, thousands of teacher effects, and thousands of school-year effects simultaneously. 14 The identifying assumption is that realized track and teacher effects (in a given dataset) come from a datagenerating process in which they are uncorrelated, so that any correlation between effects is due to finite-sample teacher, and classroom effects are estimated simultaneously (and allowed to compete for explanatory power), the estimated standard deviations are very similar to, and statistically indistinguishable from, both sets of estimates in Table 5 . Specifically, the estimated standard deviation of Algebra teacher effects is 0.0680 and that for English teachers is 0.0245. Because the REML estimator relies on different identifying assumptions than the other models, the similarity across all models suggest that removing all track-level variability (which could have removed real variability in teacher quality) in the first stage is not a likely explanation for the modest estimated variability of teacher effects.
V.5
How predictive is estimated value-added of teachers' future performance?
To gauge the extent to which value-added estimates can predict teacher performance in the standardized value added of teacher j.
[7]
All variables are defined as before. The results are presented in Table 6 .
Column 2 shows that a one standard deviation increase in estimated pre-sample value added (going from a median teacher to a teacher at the 85th percentile) raises algebra test scores by 0.032σ. This effect is statistically significant at the 1 percent level. The magnitude of this effect is noteworthy. A very similar exercise for elementary-school teachers in North Carolina finds that a 1 standard deviation increase in estimated pre-sample value added raises math scores by 0.17σ (Jackson & Bruegmann, 2009 ). This indicates that value-added estimates in high-school have about 19 percent of the the out-of-sample predictive power as those at elementary school. To further ensure that the lack of predictive power is not due to "over controlling", I estimate the same variability. Under this condition, after accounting for finite-sample variability, the within-teacher variability in track effects is a reliable measure of the variability of track effects and the within-track variability in teachers is a reasonable measure of variability of teacher effects. As such, while the RMEL estimator is less likely to wrongly attribute teacher variation to tracks than the other models, if there is extreme sorting of teachers to tracks, the REML estimates may also be biased.
model where the first-stage value added estimates do not account for track effects (not shown).
Value added estimates that do not account for school-track fixed effects have less out-of-sample predictive power─ suggesting that the differences in out-of-sample predictability are not driven by differences in methodology. Looking to English teachers, the estimates in column 7 show that a one standard deviation increase in estimated pre-sample value added raises English test scores by 0.0127σ. This effect is statistically significant at the 1 percent level. Similar to Algebra, the small magnitude of this effect is notable because this is about 20 percent of the size of out-of-sample predictive ability of estimated value-added for English teachers at the elementary-school level.
V.6 Are These Out of Sample Effects Driven by Student Sorting Within Tracks?
To assuage concerns that these out-of-sample effects are driven by student selection to teachers (i.e. teachers with high historical value added being assigned to students with higher ability), I determine if teacher value-added is correlated with observable student characteristics. sorting of students to teachers, the coefficient on pre-sample teacher value-added will be zero. The results are in the lower panel of Table 6 . Historical teacher value added has no statistically or economically significant relationship with predicted Algebra test scores (despite having effects on actual test scores) in all models. For English, in models that do not include track effects, there is some evidence of positive assortative matching to teachers. However, in models that include school-track effects, historical teacher value added has no statistically or economically significant relationship with predicted English test scores (despite having effects on actual test scores). This suggests that while students may select to tracks, they do not select to individual teachers within tracks based on observables. 15 As discussed in Jackson (2010) , this is a more efficient and straightforward test of the hypothesis that there may be meaningful selection on observables that estimating the effect of the treatment on each individual covariate. This is because (a) the predicted outcomes are a weighted average of all the observed covariates where each covariate is weighted in its importance in determined the outcome, (b) with several covariates selection individual covariates may working different directions making interpretation difficult and also, (c) with multiple covariates some point estimates may be statistically significantly different from zero by random chance.
Readers may also worry about selection to teachers based on unobservables. To test for student selection to teachers within school-track-years on unobservables, I exploit the statistical fact that any selection within school-track-years will be eliminated by aggregating the treatment to the school-track-year level (leaving only variation across years within school-tracks). If the outof-sample estimates obtained using variation in estimated teacher quality within school-track years is similar to that obtained using variation across school-track years, it would indicate that the estimates are not driven by selection to teachers within tracks. This is very similar in spirit to the test presented in Chetty et al (2011) . To test for this, I estimate equations [8] and [9] below separately on the data from 2008 through 2010 where ˆj z  is the standardized estimated (pre sample) value added of teacher j, ˆj z  is the mean standardized estimated teacher value added in school-track g in year y, and gy  is a school-track-year fixed effect.
[8]
In [8] because the model includes school-by-track-by-year effects and teacher quality is defined at the student level, the variation all comes from comparing students in the same school-track in the same year but who have different teachers ─ i.e. the variation that might be subject to selection bias. In contrast, by defining the treatment at the school-track-year level in [9] , one is no longer comparing students within the same school-track-year, but only comparing students in the same school-track across different cohorts where selection is unlikely. Conditional on track-school fixed effects, all the variation in this aggregate teacher quality measure in [9] occurs due to changes in the identities of teachers in the track over time. If there is no sorting in unobserved dimensions, ψ1
from [8] should be equal to ψ2 from [9] . However, if all of the estimated effects are driven by sorting within school-track-years, there should be no effect on average associated with changes in mean teacher value-added in the track so that ψ2 from [9] will be equal to 0.
The results of this test are presented in Table 6 . For Algebra, using only variation within school-track years (column 3) yields a point estimate of 0.0277, and using changes in aggregate track level mean teacher quality (using only variation across years) yields a point estimate of 0.03596 (column 4). This pattern is robust to including school by year effects which yields a point estimate of 0.02786 (column 5) ─ suggesting that the estimated algebra teacher effects are real and are not driven by selection to teachers within tracks. For English, the point estimates within schooltrack years is 0.01253 (column 8) and those for models that are robust to selection are similar at 0.0153 (columns 9) and 0.0182 (column 10). The results indicate that the estimated teacher effects are real, and are not driven by student selection to teachers across cohorts or student selection to teachers within school-track-years in either observable or unobserved dimensions.
VI Conclusions
Despite mounting evidence that elementary-school teachers have large effects on student test scores, much less is known about the effect of high-school teachers. I argue that in a highschool setting, (a) student selection to tracks may lead to biases in teacher value-added that cannot be accounted for with controls for past test scores or the covariates used in standard value-added models, and (b) even with random assignment to teachers, if different teachers teach in different tracks and students in different tracks are exposed to different treatments, there will be omitted variables bias due to "track treatment effects". These biases create additional challenges to identifying teacher effects in high-school. I also demonstrate that the common practice of using the F-test on teacher indicator variables to test for the existence of teacher effects is problematic in the presence of classroom-level disturbances and I propose an unbiased statistical test. Also, I
propose a method for computing confidence intervals for the variability in teacher effects.
Using methods that account for track effects yields estimated teacher effects that are noticeably smaller than those obtained when track effects are not accounted for. A one standard deviation increase in algebra and English teacher quality is associated with 0.0677σ and 0.0193σ higher test scores, respectively. I demonstrate how using the F-test to test for the existence of English teacher effects yielded biased inference in previous studies. Using the proposed method, I
find that the 95% confidence interval for the standard deviation of teacher effects in algebra is (0.0514 ; 0.081) while that for English teachers includes zero and is (0.0000 ; 0.0312). This range of plausible estimates is lower than point estimates found in the few existing studies of high school teachers, suggesting that accounting for track-level variability is important.
Even though this paper is focused on biases due to track effects in high school, it highlights the broader point that in all education contexts, even with no differences in student ability across teachers, teacher value added will be biased if there are unobserved "treatments" that differ systematically across teachers. At the elementary level, this could occur if some teachers are always assigned to noisy classrooms (which lowers test scores), always teach early morning classes (which lowers test scores), or always teach the students who participate in the spelling bee (which increases test scores). This paper highlights that if one aims to accurately measure teacher quality, it is important to account for all systematic difference across teachers (and not just student selection).
I also investigate how estimated value-added predicts teachers' future performance. The results suggest that the scope for using value added in personnel decisions in high school might be This is because the ability for value added to predict teacher performance out-of-sample is about five times smaller in high school than in elementary school.
There are numerous possible explanations for the differences between the two contexts: students may be more malleable at younger ages; younger children may exhibit more externalizing behaviors so that classroom management skills lead to larger differences in primary school outcomes; the match between the teacher and the student may be more important for adolescents such that teacher effectiveness changes substantially from year to year with different groups of students; secondary school course content may be less sensitive to teacher quality; and the testing instruments used in primary and secondary school may be differentially responsive to those skills that teachers affect. Given all these possible explanations for differences, these findings underscore the importance of not generalizing teacher effects obtained in one context across all grade levels and subjects. It is also important to note that, despite modest test-score effects, high-school teachers may have meaningful effects on important outcomes that are not well-captured by test scores such as self-esteem, motivation, and aspirations. suggests that this is indeed the case.
In sum, this paper highlights some limitations of commonly used methodical tools in the literature, presents new tests that overcome these limitations, and proposes a method for computing confidence bounds for the variability of teacher effects. The results based on these new approaches indicate that one should avoid the temptation to use studies based on elementary-school teachers to make inferences about teachers in general, and demonstrates that the potential gains of using value added in personnel decisions in high school may be small. Overall, this paper speaks to the importance of using empirical methodologies that are appropriate to the specific context.
Tables and Figures Figure 1: F-tests without clustering (based on simulated data with no teacher effects)
This figure plots the distribution of p-values of the hypothesis of no teacher effects when the null is true based on the F-tests under different standard deviation of classroom level errors. The F-tests includes a degree of freedom adjustment for clustering at the classroom level.
Figure 2: Covariance Test (based on simulated data with no teacher effects)
This figure plots the distribution of p-values of the hypothesis of no teacher effects when the null is true based on the covariance test under different standard deviation of classroom level errors. Notes: These summary statistics are based on student who took the English I exam. Incoming math scores and reading scores are standardized to be mean zero unit variance. About 10 percent of students do not have parental education data so that the missing category is "missing parental education". Observations 12987 10855 Data are at the teacher by year level and the main outcome of interest is the proportion of students in a teachers class in a given year that is taking at least one other class at the honors level. Standard errors in brackets are clustered at the teacher level. * significant at 10%; ** significant at 5%; *** significant at 1% their third order polynomials), 8th grade and 7th grade math scores (and their third order polynomials), parental education, ethnicity, and gender. Peer covariates are the classroom-level means of all the student-level covariates. There are 5.4 classes per English teacher and 3.6 classes per algebra teacher. * The reported covariance or SD of teacher effects includes a degree of freedom adjustment for the number of teachers in a track in models that condition on school track in the first stage (models 4, 5, 9, and 10). Y  --Y  -Y  --Y  -School Effects  Y  ----Y  --- Standard errors in brackets are clustered at the teacher level. * significant at 10%; ** significant at 5%; *** significant at 1%
Appendix Appendix A 
Evidence of student sorting to teachers
The evidence thus far indicates that is sorting of student and teachers to tracks. However, one may wonder about student sorting to teachers directly. To asses this, following Aaronson, Barrow, and Sander (2007), I calculate mean within-teacher-year student test-score dispersion (i.e. the average across all teacher-years of the standard deviation of test scores computed for each teacher in a given year) observed in the data and compare that to the mean within-teacher student test score dispersion for other counterfactual assignments. The table below displays the actual within teacher-year test score dispersion, what one would observe with full student sorting to teachers within schools, and random student assignment to teachers within schools. 3 The actual within-teacher-year test score dispersion is between 88 and 100 percent of what one would observe under random assignment of students to classrooms within schools. However, in a Monte Carlo simulation of mean test score dispersion under random assignment within schools, none of the 500 replications yielded dispersion levels as low as that observed ─ suggesting that there is some systematic sorting of student to teachers based on incoming achievement. This table displays the average within-teacher-year standard deviation (i.e. the average across all teacher-years of the standard deviation of test scores computed for each teachers classroom in a given year) of 8th grade scores, 7th grade scores, and test-score growth between 7th to 8th grade for both math and reading. I present the actual within teacher-year test score dispersion, what one would observe with full student sorting (of the variable) within schools, full student sorting across all classroom and schools, random student assignment within schools and finally random student assignment across all classrooms and schools.
